Abstract: Compared to natural waters, mine waters represent an extreme water type that is frequently heavily polluted. Although they have been traditionally monitored by in situ measurements of point samples taken at regular intervals, the emergence of a new generation of multispectral and hyperspectral (HS) sensors means that image spectroscopy has the potential to become a modern method for monitoring polluted surface waters. This paper describes an approach employing linear Spectral Unmixing (LSU) for analysis of hyperspectral image data to map the relative abundances of mine water components (dissolved Fe-Fediss, dissolved organic carbon-DOC, undissolved particles). The ground truth data (8 monitored ponds) were used to validate the results of spectral mapping. The same approach applied to HS data was tested using the image data resampled to WorldView2 (WV2) spectral resolution. A key aspect of the image data processing was to define the proper pure image end members for the fundamental water types. The highest correlations detected between the studied water parameters and the fractional images using the HyMap and the resampled WV2 data, respectively, were: dissolved Fe (R 2 = 0.74 and R 2 vw2 = 0.6), undissolved particles (R 2 = 0.57 and R 2 vw2 = 0.49) and DOC (R 2 = 0.42 and R 2 vw2 < 0.40). These fractional images were further classified to create semi-quantitative maps. In conclusion, the classification still benefited from the higher spectral resolution of the HyMap data; however the WV2 reflectance data can be suitable for mapping specific inherent optical properties (SIOPs), which significantly differ from one another from an optical point of view
an empirical modeling requiring a large statistical dataset (a purely statistical approach, e.g., partial least squares regression-PLSR) nor physical modeling (e.g. [23] ) could be employed. Instead, we tested an approach using fundamental water end members derived from the HS images to map the relative abundances of the selected surface water parameters and the ground truth data to validate the results of spectral mapping.
Satellite remote sensing data have some advantages over airborne sensors: they can cover more extensive areas, revisit the same area regularly and, moreover, satellite data with medium or coarse spatial resolution are frequently available either free (e.g., Landsat, MODIS and future Sentinel images) or are far more affordable than aerial HS data and thus accessible for a much greater number of users. High spatial resolution multispectral satellite data, such as WorldView2 (WV2) [24] , provide sufficient spectral resolution within the VIS/NIR spectral region to assess water optical properties and simultaneously have very high spatial resolution. The nominal cost of purchasing WV2 data is still rather high (for a customer order: 34.4 EUR/km 2 where an area of 100 km 2 or larger is required); however these costs are still lower than acquiring aerial HS data, especially when the man-power required for the HS data calibration and pre-processing is included. The four primary multi-spectral (MS) bands include traditional blue (450-510 nm; Band 2 of WV2), green (510-580 nm; Band 3 of WV2), red (630-690 nm; Band 5 of WV2), and near-infrared (NIR1: 770-895 nm; Band 7 of WV2) bands, which are similar but not identical to the Quick Bird satellite images. Four additional bands include a shorter wavelength blue band, centered at approximately 427 nm, called the coastal band for its applications in water color studies (Band 1 of WV2); a yellow band centered at approximately 608 nm (Band 4 of WV2); a red-edge band centered strategically at approximately 724 nm at the onset of the high reflectivity portion of the vegetation response (Band 6 of WV2); and an additional, longer wavelength near-infrared band, centered at approximately 949 nm (NIR2: band 8 of WV2), which is sensitive to atmospheric water vapor [24] . Moreover, the WV2 optical bands have very high spatial resolution (2.0-m pixel for the MS bands), which can be beneficial, especially for small inland waters. The WV2 data, which has sufficient spectral and spatial resolution, exhibit an obvious potential for mine water monitoring and therefore we subsequently tested the same approach employed for the HS data using the HyMap image data resampled to WV2 spectral resolution.
The following aspects were studied and are discussed in detail in this paper:
-Representative, image-derived end members were extracted for diverse water types: mine waters are rather complex and are characterized by high variability; therefore, the spectral properties of fundamental image end members can provide valuable information on the water constituent types in the study area. -Image reflectance data for the derived end members as well as for the sampled waters were compared with the literature to discover whether their spectral and physical-chemical properties correspond and whether the spectral properties can be explained on a physical basis. -Linear Spectral Unmixing (LSU) was employed and semi-quantitative maps for the selected parameters were created and validated using the ground truth data (hydrochemical data). -A test was then performed to discover whether the same approach can be employed successfully using the HyMap image data resampled to World View 2 spectra resolution.
Test Site
The study was performed in the Sokolov basin in the Western part of the Czech Republic, in a region affected extensive by long-term lignite mining. The basement of the Sokolov Basin is formed of Variscan and pre-Variscan metamorphic complexes of the Eger, Erzgebirge, Slavkov Forest, Thuring-Vogtland Crystalline Units and granitoids of the Karlovy Vary Pluton. The upper portions of these rocks are frequently weathered to a kaolinitic residue. The basal late Eocene Staré-Sedlo-Formation is formed of well-sorted fluvial sandstones and conglomerates and is overlain by an up to 350 m thick volcano-sedimentary complex, which contains three lignite seams with a variable sulfur (S) contents. Material at the dumps, consists mostly of Cypris clays, which can be characterized as well-laminated clays with varying mineralogical compositions: kaolinite, montmorillonite, illite with admixtures of Ca-Mg-Fe carbonates, sulphates, sulphides, analcite, Mg-micas and bitumen [25] . Because of the presence of S in the coal, the mining sites are largely affected by acid mine drainage (AMD) ( [26] [27] [28] ).
The mining site is characterized by extreme dynamics, material heterogeneity, high pH gradients and widely varying surface water pollution. In 2009, diverse abandoned pits and dumps could be found within the lignite basin together with still-operating mines as well as many artificial ponds with different chemical and physical properties (Figure 1 ). 
Hyperspectral Image Data
The hyperspectral image data (9 flight lines) were acquired in 2009 (July 27) during the HyEUROPE 2009 flight campaign using the HyMap (HyVista Corp., Australia) airborne imaging spectrometer. The HyMap sensor records image data in 126 narrow spectral bands covering the entire spectral interval between 0.450 and 2.480 µm in the spectral range with Full Width Half Maximum (FWHM) of 15 nm and ground field of view of 4 m. The resulting ground pixel resolution of the image datasets was 5 m. The 2009 HyMap multiple flight line data were atmospherically corrected using software (SW) package ATCOR-4 version 5.0 [29] . In addition to the atmospheric correction, the 2009 reflectance data had to be further processed to minimize the Bidirectional Reflectance Distribution Function (BRDF) effect employing semi-empirical nadir normalization with the kernel-based Ross-Li model for all the flight lines (further detailed description on the HyMap 2009 data pre-processing in [30] ). Finally, the hyperspectral image data were ortho-rectified using PARGE SW and georeferenced to the UTM 33N (WGS-84) coordinate system.
Once the image preprocessing was complete, a "water-only" image was produced employing a maximum likelihood supervised classification method. As the water SIOPs mainly vary in the visible and near infrared spectral regions (VNIR), only the first 35 HyMap bands covering the VNIR spectrum were selected and subsequent image analysis was applied to the water-only pixels (Section 1.3), characterized by bands covering the 0.45-1.00 µm spectral region. The optical properties were compared with the measured water quality data ( Figure 1 and also Section 1.3) by extraction of the image reflectance for the pixels corresponding to the sampling locations.
Ground Truth Data
One week after the flight campaign, a field trip was organized to investigate the general chemical and physical properties of the Sokolov surface waters. The weather and hydro-meteorological conditions remain unchanged; therefore, the authors assume that the conditions in the studied waters remained similar enough to allow comparison between the ground truth data and the image analysis outputs. Seventeen water sites were selected (Figures 1 and 2 ) where the pH, Eh, conductivity (Con) and redox potential were determined using a field pH-Eh meter (pH/Cond 340i), together with temperature (T) at the site. Four in-situ measurements were taken at each sampling point to determine the pH, Eh and T. In addition, three samples were taken from the uppermost 30 cm of water to determine the other parameters-dissolved Fe, DOC, undissolved particles-these samples were treated following laboratory standards. All the samples were immediately placed in a cooler and then transferred to a refrigerator, where they were stored until transport to the certified laboratories of the Czech Geological Survey. They were then analyzed using standard methods: (i) dissolved Fe (ČSN EN ISO17025)-the iron (Fe) was analyzed in filtered water samples (0.45 µm filter pore size); the water samples were then acidified using concentrated HNO3 (0.5 mL/100 mL) and dissolved Fe was determined using the PE-3100AA spectrometer; (ii) DOC (EN 1484:1997): water was filtered using a diafragmal filter (0.45 µm pore size), inorganic carbon was removed by acidification and purging, the CO2 formed by oxidation was determined after reduction and the final determination of CO2 was carried out by infrared spectrophotometry; (iii) undissolved particles ČSNEN 872 (757349)-the samples were filtered using a 0.45 mm millipore syringe filter. [15] . DOC could be found at a concentration up to 9.0 mg/L; these concentrations are also comparable with the results for mine waters published by [15] . Undissolved particle concentrations ranged between 0.5 and 16.0 mg/L with a median value of 12.0 mg/L.
Spectral Mapping Methods
The general processing scheme is depicted in Figure 3 . Image end members were derived from the "water-only" pixels and used for further image processing. A method consisting of minimum noise fraction transformation (MNF) [31, 32] and pixel purity index (PPI) [33] procedures was employed to select the "pure" image end members. In this routine, the image data are subjected to spectral and spatial reduction to identify the end members of spectrally unique pixels, which are assumed to be the most pure. The MNF bands were plotted in scatterplots to examine the distribution of the data in feature space and the nature of the spectral mixing. The spectral end members were identified from the scatterplots of various MNF band combinations, using a similar approach to [8, 34, 35] . The end members in the feature space were highlighted to identify the pixels represented in the image. It was anticipated that application of this procedure to the hyperspectral image data would yield the spectra of all the fundamental water types differing in their chemical compositions and physical properties. The image end members were then used to unmix their relative contributions, using ENVI, on a pixelby-pixel basis to produce images of the relative abundance of each of the identified end members. The linear spectral unmixing (LSU) [36] method was employed to relatively estimate the selected endmember abundances, as it allows identification of the sub-components of the spectrum and determination of the abundances of different materials for each pixel. The linear spectral mixture modeling framework can be expressed mathematically:
where Ri is the composite reflectance of the mixed spectrum in band i, Fj the fraction of the end member (j) in the mixture, Rf is the reflectance of that end member in band i, n is the number of end members, ε is the error in sensor band i and λ is the wavelength. Equation (2) constrains the fractions that can have values between 0 and 1. The above equations implicitly assume that each cover type contributes linearly to the pixel reflectance and thus there are negligible non-linear interactions between the end members. The LSU method has already been employed by [37] [38] [39] [40] [41] to model more complex water properties. Spectral mixture analysis is based on the principle that the reflectance recorded for each pixel within an image is a combination of the reflectance from all the pure end members found in that image. The result is an image band for each end member containing the relative abundances of the material within each pixel. These fractional images can be used to constrain additional spectral analyses, as input to biophysical and biogeochemical models [42] . Although the derived end members did not have to be absolutely pure, they represented the most extreme water types found within the studied areas. The authors thus assumed that that linear mixing was a sufficient first-order approximation to constrain the relative abundances.
After the fractional images were derived as the results of LSU, it was desirable to select only those exhibiting a statistical relationship to the studied hydrochemical parameters. Therefore, all the fractional images were compared with the field data collected from the discrete locations (e.g., the ground truth data). The correlations between the ground truth data-water samples from the 8 water bodies that were large enough to be resolved under a 5-m pixel of the HyMap data-and the corresponding pixel values of the fractional images were then determined. As a result, three fractional images exhibiting the strongest correlations with the studied parameters (Fediss, DOC, undissolved particles) were selected and further utilized for spatial mapping (Section 2.4). To test whether the WV2 data can be successfully utilized for this type of application, the HyMap image data were convolved to the WV2 spectral resolution. The following routine convolving a high-resolution data set to a lower-resolution dataset was employed. Information on the central wavelength together with the Full Width at Half Maxima (FWHM) for each WV2 band were used (a response function library of the WV2 data is available under the ENVI 5.0 version) and a Gaussian model was employed using the FWHM spacing. The HyMap and the convolved WV2 spectra of the selected sampling points and image-derived end members are plotted together in Figures 4 and 5 for comparison. The same approach as that described for the HyMap data processing was then applied to the simulated WV2 data (Figure 3 ) and the classification results were compared. 
Results and Discussion

Linking the Chemical and Optical Properties of the Sampled Waters
To compare chemical and optical properties of the sampled waters, the corresponding pixel image spectra were derived for each sampling point with the following results. Figure 4 shows the image spectra (scaled reflectance) of the selected sampling points that best illustrated the gradients discussed below.
Undissolved particles: Due to scattering from suspended matter, the reflectance increases with the turbidity value in all the parts of the studied spectrum (0.45-1.00 µm, Figure 4a ). Waters rich in undissolved particles exhibit the following reflectance peaks-the strongest at 0.55-0.56 µm and additional peaks around 0.70 and 0.81 µm, respectively. This is in agreement with [19, 43] , as high reflectance in the green (0.56 µm) and red/NIR regions was found for sediment-dominated waters. The region near 0.71 µm was found to correlate positively with the turbidity values [6, 16, 17, 44, 45] whereas not being overlapping with the absorptions caused by other optically active substances (e.g., phytoplankton and dissolved organic matter).
Dissolved Fe (Fe diss ): The reflectance at 0.45-0.90 µm was found to be reduced for the samples with high Fediss contents, especially in the blue wavelength region, and the location of the peak wavelength moved towards the red region with increasing Fediss concentration (Figure 4b ). Ritchie, Zimba and Everitt [43] and Glaesser et al. [15] found the same trend, however no other references were found for comparison and discussion of these results.
Dissolved Organic Carbon (DOC): Considering the DOC parameter, it is also important to point out that the relevant optical parameter is not DOC itself, but rather colored dissolved organic matter (CDOM), the photo-active component of DOC. CDOM can be determined from the absorbance of filtered water samples at 420 or 440 nm and conversion of the values to absorptivity values [46] . In 2009 this procedure was not available at the laboratories which performed the water sample analysis. Many studies have reported a correlation greater than 0.9 between CDOM and DOC for marine systems [46] [47] [48] [49] . For freshwaters, good correlation between CDOM and DOC was found by [50] [51] [52] [53] [54] ; however, on the other hand, some studies reported a weaker relationship [55] [56] [57] . The authors attempted to link the spectral properties with DOC, although they are aware that DOC is not a direct optical parameter. This aspect is discussed in greater detail in the paper.
A water column with DOC as the only primary component increases the absorption particularly at blue wavelengths and decreases the reflectance across the VIS spectrum, as DOC itself absorbs light across the VIS and produces no significant scattering [44, 58, 59] . On the other hand, water containing DOC and tripton reflect light primarily in the red and infrared regions. This can be explained by a combination of scattering from tripton and selective absorption by DOC at shorter wavelengths [58] . Image reflectance characterizing waters with high DOC (Figure 4c ) contents was obviously represented by optically complex waters. The diagnostic DOC absorption in the blue region was not present; on the other hand, increased reflectance was found throughout the entire studied spectrum (0.45-1.00 µm), pointing to the presence of suspended matter. Similarly as for undissolved particles (Figure 4a ), reflectance peaks were found around 0.57 and 0.81 µm; however, the difference between these two peaks is smaller for DOC-rich waters. In addition, the difference between the reflectance at 0.57 and 0.64 µm decreases with increasing DOC content. The typical chlorophyll absorption around 0.69 µm also appears, together with chlorophyll scattering between 0.69 and 0.77 µm [43] (Figure 4c ) indicating that the samples contain also tripton. Schalles et al. [60] , Schiebe et al. [61] and Ritchie et al. [62] pointed out that the influence of chlorophyll is present even at high suspended sediment concentrations, which can predominate in the remainder of the spectrum. The complex spectral properties discussed above show that the reflectance of the sampled waters, although it corresponds to sufficiently large DOC gradients, is dominating by algal scattering.
Reflectance Properties of the Derived Image End Members
Employing the LSU method, 11 "pure" end members were derived for the water-only image pixels (Figure 5a ). These end members represented the most extreme water types within the studied area and exhibited large enough differences in spectral shapes as well as in albedo within the studied spectral range (0.45-1.00 µm) ( Figure 5) . A fraction image was derived for each end member, where each pixel value in this image corresponded to the relative fraction of an end member. The range of fraction values varied between 0 and 1, corresponding to an end member abundance of 0%-100%. All the 11 fractional images derived from LSU were compared with the field data collected from the discrete locations (e.g., the ground truth data). The correlations between the ground truth data and the corresponding pixel values of the fractional images were then determined. Two fractional images, corresponding to end members 7 and 10, exhibited the strongest correlations with the two studied hydrochemical parameters, Fediss (R 2 = 0.72, end member 7: EM7, Table 1 ) and undissolved particles (R 2 = 0.57, end member 10: EM10, Table 1 ), respectively. These two end members (EM7 and EM10, Figure 6a ) exhibited basically the same reflectance properties as those already described in 2.1. ("Linking the chemical and optical properties of the sampled waters", Figure 4a ,b). End member 7 exhibited reduced reflectance, especially in the blue wavelength region, and the peak wavelength was located at 0.640 µm. End member 10 exhibited the reflectance peaks typical for sediment-dominated waters, with the strongest at 0.55-0.56 µm and additional peaks around 0.70 and 0.81 µm. The weakest correlation was found between the fractional image and DOC (R 2 = 0.42, end member 11, Table 1 ). The reflectance property of the corresponding end member is characterized by typical decreased reflectance in the blue region and a reflectance maximum at the red wavelength (at 0.65 µm) while exhibiting a second reflectance peak at 0.81 µm (EM11, Figure 6 ). This reflectance can be explained by a combination of scattering from solid tripton or other particulate matter (high red reflectance with a maximum at 0.67 µm, [19, 63] and selective absorption by DOC at shorter wavelengths (blue wavelengths: 0.45-0.50 µm). The weak statistical relationship can be explained by a well-known fact that DOC is present in diverse chemical forms (e.g., [64] ). In addition, the relevant optical parameter is not DOC itself, but rather colored dissolved organic matter (CDOM). As stated above, many studies reported excellent correlations between CDOM and DOC; however, the relationship between these two parameters may be more complicated because of diverse environmental factors as well as anthropogenic contaminations [56, 65] . Not all DOC is colored and therefore the introduced uncertainty in the relationship between DOC and CDOM could also explain the weak correlation [57] . 
Spectral Resolution Issues: Hyperspectral (HyMap) vs. Multispectral (WorldView2)
Although R 2 describing the linear relationship between the studied water variables and corresponding fractional abundances of unmixed images decreased when the simulated WV2 data was used, the achieved results for Fediss and the undissolved particles are still acceptable (Table 1, (Figure 5a) , the shapes or general trends are preserved, but the subtle details obtained using HS data, especially at 0.45-0.50, 0.65-0.70 and 0.72-0.90 µm, are missing. These differences can mean that the weak relationship which was still detectable under the HyMap spectral resolution was no longer detected using the WV2 resampled data. The differences between the end members representing Fediss and the undissolved particles are still large enough, but those between the end members of the undissolved particles and DOC are no longer sufficient.
Semi-Quantitative Maps
Before assessing the classification results of LSU images, it is necessary to mention that mine waters represent an extreme water type that is heavily polluted. The water column for these extreme waters is not transparent (Figure 5c ) and the substrate (e.g., submerged macrophytes and sandy bottoms in lakes) signal cannot be detected through the water column in most cases. Therefore, the depth and the bottom albedo aspect [1] have not been taken into account in this particular case. The results of the classifications of the EnMap and the WV2 convolved image data are displayed in Figures 7-9 . The HyMap LSU fractional images were classified and enabled differentiation among low, middle and high contents for all three studied parameters-DOC, undissolved particles and Fediss. Surprisingly, even DOC was classified satisfactorily in these basic classes, although it exhibited the weakest relationship (R 2 = 0.42). Furthermore, the classifications show that a reciprocal relationship exists between the contents of dissolved C and dissolved Fe. In other words, waters rich in dissolved Fe were depleted in dissolved C and vice versa. The same chemical pattern was found in the hydrochemical properties of the sampled waters ( Figure 6 ). This is not a common trend that can be found in natural waters with more representative concentrations of dissolved Fe. Instead, positive correlations between DOC and dissolved Fe are common at higher pH values (>5), where the dissolved Fe is primarily associated with dissolved organic ligands such as HS or siderophores [66] [67] [68] . The trend described in this paper could be related to the pH, as the waters with very high Fediss had low pH, and DOC levels could have been depressed because of the tendency of iron to coagulate and precipitate DOC at low pH values [64] . Waters rich in DOC were found mainly in former lignite mines (e.g., Medard, Lomnice-Georg, Podkrušnohorská-PVS, Figures 7-9 ), where the lignite seam is exposed and thus accessible for weathering. Waters rich in Fediss can be found in environments characterized by very low pH, such as Lítov (Figure 9 ), the site characterized by the lowest pH among the Sokolov mines and dumpsites [27, 28] .
Comparison of the HyMap and WV2 classifications showed good agreement, especially for Fediss. Basically, the same patterns were identified (Figures 7-9 ) using either the HyMap or convolved WV2 image data as inputs of LSU. For the undissolved particles, good agreement was found for some sites (e.g., Litov, Lomnice and Erika, Figure 9 ). On the other hand, the WV2 classification for Medard ( Figure 8 ) and Podkrušnohorská-PVS2 ( Figure 9 ) exhibited low values while the HyMap classification yielded the opposite results-high values. This misclassification can be explained by the high spectral similarity of the WV2 resampled spectra of the end members for DOC and undissolved particles. The high spectral similarity increases a level of collinearity in the end-member matrix, which makes the unmixing model more unstable and more sensitive to random error (e.g., noise) [69] .
Conclusions
This paper demonstrates that the LSU method can be utilized to map selected water parameters at a semi-quantitative level using HyMap or World View2 image data even when there is a limited amount of ground truth data. LSU was tested on polluted mine waters which differ significantly from natural waters. A key aspect was to define the proper pure image end members for the fundamental water types (water rich in suspended solids and dissolved Fe and DOC). Although the derived end members did not have to be absolutely pure, they represented the most extreme water types within the studied area and exhibited large enough differences in spectral shapes as well as in albedo within the studied spectral range (0.45-1.00 µm). However, the demonstrated method can also be successfully employed for other waters as long as the water end-members are sufficiently spectrally different (uncorrelated) and don't cause end-member matrix (multi-)collinearity [69] .
Correlations between the studied water parameters and the three fractional images were detected for the HyMap data and the resampled WV2 data, respectively: dissolved Fe (R . Either utilizing the HyMap or the convolved WV2 image data, the selected LSU fractional images enabled differentiation among low, middle and high contents for all three studied parameters-DOC, undissolved particles and Fediss.
In conclusion, the classifications still benefited from the higher spectral resolution of the HyMap data; however, the WV2 reflectance data can be sufficient for mapping SIOPs, which significantly differ from an optical point of view (e.g., mineral suspension and dissolved Fe) but cannot really differentiate among diverse suspended particles (e.g., mineral particles, DOC together with tripton or adsorbed on other particles, etc.). On the other hand, mapping and classification of mine waters, which usually have rather small spatial extent, may still benefit from the higher spatial resolution of the WV2 data. In this paper, only the WV2 spectral resolution was simulated; however the spatial resolution was limited to 5 m-the original spatial resolution of the HyMap data.
The study also demonstrates that these methods could be used to classify mine waters into basic groups. As water sampling is very time-consuming and costly, this can improve the efficiency of water sampling/monitoring or be used to support further detailed investigations leading to quantitative spectral mapping. Processing time can be saved when temporal changes are studied by deriving the end members from an image acquired under the most extreme weather conditions, when the concentrations of the studied components are the highest. These end members can be then utilized for spectral mapping of other temporal image data.
Only a limited number of papers have been published to date on mine water pollution and how image spectroscopy could be used for this aspect. Therefore, more systematic work to link optical and physicalchemical properties of waters should be performed in the future.
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